Hyperspectral unmixing is a process to find number of spectral component (called endmember) 
INTRODUCTION
Hyperspectral imaging is used widely because of the advantage over finding objects, identifying materials or detecting processes with hundreds of spectral bands that range from visible to near-infrared wavelength region (350 nm.-2500 nm.). Hyperspectral image analysis is a popular topic today with applications to military surveillance, mineral exploration, environmental monitoring, investigation of crop fields.
Surface materials have different scattering properties at specific wavelengths. Hyperspectral sensors can provide high spectral resolution. This specialty of hyperspectral sensors provide to make inferences about surface materials in the scene. Hyperspectral images are obtained by sensor mounted on a plane or in a satellite. Every pixel in hyperspectral image coincides large areas. This causes a low-spatial resolution in hyperspectral data cube.
In linear spectral unmixing, spectral components are assumed homogeneously spread out in the pixels. In the nonlinear mixing, components are distributed randomly because of intimate mixture at microscopic scale in the pixels. Hyperspectral unmixing problem aims at firstly finding the number of endmembers, then endmember's signature estimate and lastly abundance fraction that indicate proportion of each endmember in each pixel of the scene.
There are two approaches for unmixing hyperspectral images; statistical and geometric. In this paper, only geometric based unmixing approaches are considered. Under the linear mixing model, some algorithms solve unmixing problem by using geometric feature that samples taken from the scene are in simplex. From convex
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LINEAR MIXING MODEL
The hypothesis of a linear mixture model is fundamental of geometric based hyperspectral unmixing algorithms. The spectrum of a pixel in the hyperspectral data cube is a linear combination of endmembers that are multiplied with different coefficients. Estimating the coefficients properly to the Eq. (1) and both constraint is relevant with solving optimization problem examined for example in Heinz and Chang [9] . subspace that are spanned by the endmembers [3] . VCA is based on pure pixel assumption. The algorithm iterates until it reaches previously identified number of endmembers. Vertices of simplex at each iteration is the estimated endmembers.
GEOMETRIC BASED UNMIXING ALGORITHMS
B. N-Finder
The algorithm aims at finding maximum volume of simplex that are formed by pixels [2] . After finding maximum volume, each vertex of simplex is treated as an endmember. As a dimensional reduction step, principal component analysis (PCA) is applied in this paper.
C. Minimum Volume Simplex Analysis (MVSA)
The aim of MVSA algorithm is to fit a simplex of minimum volume to the dataset. The algorithm is able to unmix hyperspectral data when pure pixel assumption is not provided. That is more realistic scenario. To avoid poor quality local minima, initilization of the algorithm is very important. Initialization of MVSA is obtained by VCA.
D. A Variable Splitting augmented lagrangian approach (SISAL)
SISAL belongs to minimum volume class like MVSA. SISAL is robustness to outliers, noise and poor initialization different from MVSA. The algorithm replaces usual abundance positivity constraint (3), forcing the spectral vectors to belong to the convex hull of the endmember signatures, by soft constraints [5] .
GAP ALGORITHM
Total variation (TV) regularization is used for image denoising [10] and represented as follows:
, are horizontal and vertical finite difference operators. y is the noisy image and x is the image to be recovered. This algorithm takes into account both spectral and spatial correlation for denoising of hyperspectral imaging. GAP algorithm has been compared against recent denoising methods and its superiority in terms of peak signal to noise ratio (PSNR) over another methods has shown in Aggarwal and Majumdar [8] .
We rewrite formulation in (4); Bregman variables are updated as:
Using Split-Bregman approach the problem can be divided into four separate problems as follows: 
LSQR [11] is used for solving first problem (6) . Another three minimization problem is solved by softthresholding. After getting
are updated at each iteration.
EXPERIMENTS AND RESULTS
A. Hyperspectral Data
Urban HYDICE hyperspectral data is one of the most widely used data for unmixing problems. There are 307x307 pixels in the image and each pixel corresponds to 2x2 
C. Experimental Results
VCA, N-finder, MVSA and SISAL algorithms are used for endmember extraction on URBAN data. We need hyperspectral data cube and number of endmembers for these algorithms. SAM and rmse calculations for each algorithm are evaluated for 4, 5, 6 endmembers respectively. GAP algorithm exploiting spatio-spectral correlation is used for impulse denoising in image. The image and denoised image at band 80 depict the scene displayed in Among all algorithms, best performance is achieved in denoised images. The algorithms that assume pure pixel assumption (VCA,N-finder) showed better development on SAM scores. Asphalt road is the hardest endmember to extract for geometric based algorithms. Table III shows SAM similarity scores for 6 endmembers. The SAM scores of pure pixel assumption based algorithms again get much better after denoising step. While the algorithms are unable to find metal signature with original image, they can get close signature to the original one with denoised image with VCA and N-finder. Fully constrained least squares (FCLS) was developed [14] as an abundance estimator of the endmembers present in an image pixel. The method can ensure both sum-to-one (2) and non-negativity ( versions. Fig. 3 , abundance estimate is obtained with applying FCLS to GT. Figure (4-5) displays best abundance estimates among algorithms of original data and denoised data. 
CONCLUSION AND FUTURE WORK
Removing impulse noise in hyperspectral image is an important pre-processing step. This step provided better results for endmember extraction on geometric based unmixing algorithms. But, impulse denoising in scene was unable to get better estimates of abundance fractions excluding VCA algorithm. Among the algorithms, pure-pixel assumption based like VCA, N-finder get closer result to GT information in endmember extraction step.
As future work, Denoising of other noise types like Gaussian and its effect on hyperspectral unmixing are needed for further research. In this paper, geometric based unmixing algorithms are considered. Therefore statistical based unmixing algorithms should also be studied to see denoising effect better.
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